The crop model based on physiology and ecology has been widely applied to the simulation of regional potential productivity. By determining the appropriate spatial resolution of meteorological data required for model simulation for different regions, we can reduce the difficulty of acquiring model input data, thereby improving the regional computing efficiency of the model and increasing the model applications. In this study, we investigated the appropriate spatial resolution of meteorological data needed for the regional potential productivity simulation of the WheatGrow model by scale effect index and verify the feasibility of using the landform to obtain the appropriate spatial resolution of meteorological data required by the potential productivity simulation for the winter wheat region of China. The research results indicated that the spatial variation of landforms in the winter wheat region of China is significantly correlated to the spatial variation of multi-year meteorological data. Based on the scale effect index, we can obtain a spatial distribution of appropriate spatial resolution for the meteorological data required for the regional potential productivity simulation of the WheatGrow model for the winter wheat region of China. Moreover, although we can use the spatial heterogeneity of landforms to guide the selection of appropriate spatial resolution for the meteorological data, in the regions where the spatial heterogeneity of the landform is relatively weak or relatively strong over a small range, the method of using a single heterogeneity index derived from semi-variogram cannot well reflect the scale effect of simulation results and needs further improvement.
Introduction
The potential productivity is the maximum production capacity of a variety when grown in environments to which it is adapted, with nutrients and water nonlimiting and with pests, diseases, weeds, lodging, and other stresses effectively controlled [1] . Regional potential productivity simulation can estimate characteristics of variation in the spatiotemporal distribution of crop productivity This paper is organized into four parts. The material section (Section 2) describes the geographic overview of the research area and introduces the simulation model of crop growth used in this study, the data source, and the preconditioning. The method section (Section 2) describes the construction method of the scale effect index, the selection method for the appropriate spatial resolution of the meteorological data, and the method to analyze the spatial heterogeneity of the landform. The results and discussion section (Section 3) presents the simulation results for different spatial resolutions in the research area and the spatial distribution for the appropriate spatial resolution of meteorological data and the investigation on the relationship between the scale effect of the simulation results and the spatial heterogeneity of the landform. This section also investigates the feasibility of selecting the appropriate spatial resolution of meteorological data based on the spatial heterogeneity of the landform. Finally, we present the conclusions obtained by this study (Section 4).
Materials and Methods

Research Area
In this study, we took the winter wheat region of China as the research area ( Figure 1a ). The winter wheat region of China (102 • 46 -122 • 11 E, 28 • 13 -41 • 10 N) is the main production area of winter wheat in China. The region was divided into four sub-regions: The north winter wheat sub-region (NS), the Huang-Huai winter wheat sub-region (HHS), the middle-lower reaches of the Yangzi River winter wheat sub-region (MYS) and the southwest winter wheat sub-region (SWS) (Figure 1b ). There were various climate types, including a middle temperature semiarid zone, a middle temperate semi-humid zone, a warm temperate semi-humid zone, a warm temperate semi-arid region, a north subtropical humid region, and a middle subtropical humid region [24] . The regional spatial distributions of light and temperature resource conditions and terrain have strong characteristics of spatial variability (Figure 1c -e), and the difference in temperature and precipitation was relatively significant. In particular, the annual average temperature in the NS and HHS is 9-15 • C, and the annual precipitation was 440-980 mm; the annual average temperature in the MYS and SWS was [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] • C, and the annual precipitation was typically above 1000 mm [25] . The landforms in the winter wheat region include plains, hills, mountains, and basins, and the difference between the elevation in the east and west was significant. The highest elevation was 5174 m, and the lowest elevation was −142 m ( Figure 1c ).
WheatGrow Model
The process-based WheatGrow model has been widely applied to regional potential productivity simulations in China [11, 12, 26] . This model includes five sub-models: Apical development and phenology [27] [28] [29] ; photosynthesis and dry matter production [12] ; material distribution and organogenesis [27, 30] ; yield and quality formation [31, 32] ; and soil moisture and nutrient balance [33, 34] . The model runs at a daily time step, simulating wheat growth and development under potential production, water-limited and nitrogen-limited scenarios [31, 35] . The WheatGrow model has been validated through simulation at multiple eco-sites and under different scales in the main yield region of winter wheat in China, and the results indicate that this model can simulate and predict the growth and development of wheat and the yield formation [36, 37] .
significant. In particular, the annual average temperature in the NS and HHS is 9-15 °C, and the annual precipitation was 440-980 mm; the annual average temperature in the MYS and SWS was 16-25 °C, and the annual precipitation was typically above 1000 mm [25] . The landforms in the winter wheat region include plains, hills, mountains, and basins, and the difference between the elevation in the east and west was significant. The highest elevation was 5174 m, and the lowest elevation was −142 m ( Figure 1c) . 
Data Description
The simulation of potential productivity is not subject to the restriction of water, nitrogen, and soil conditions, and is only subject to the influence of weather, variety parameters, and sowing date [38] [39] [40] . The meteorological data include daily maximum temperature (Tmax), daily minimum temperature (Tmin), and sunshine duration (SSD). The daily data at 982 meteorological stations in the winter wheat area during 2000-2009 were obtained through the meteorological scientific data sharing service of China Meteorological Administration (http://cdc.nmic.cn/home.do) (Figure 1b) . We used the ANUSPLIN local thin plate smooth spline method to interpolate the daily meteorological data in the research area into the multi-resolution grid data [41] . By using the resolution range from 1 km to 200 km adopted in previous studies [15, 18, 42] , we constructed the nested sequence of spatial resolution l i (i = 0, 1, 2, 3, 4, 5) as l 0 = 5 km, l 1 = 10 km, l 2 = 20 km, l 3 = 40 km, l 4 = 80 km, and l 5 = 160 km. To restrict the influence of variety parameters and sowing date on this study, our study uses the same set of variety parameters of the regional typical winter wheat (Triticum aestivum L.) cultivar Ningmai 13 (Table 1) and sets the sowing date uniformly as the 261st day of every year [15] . The terrain data in the study adopt the SRTMGL1_003 DEM data with a spatial resolution of 30 m [43] . Moreover, we use the NEAREST (nearest neighbor assignment) grid re-sampling method to obtain the DEM data with a spatial resolution of l 0 [44] . 
General Workflow of Analysis
In this study, by constructing the scale effect index S, we analyze the influence of meteorological data with six spatial resolutions on the regional potential productivity simulation of WheatGrow in the winter wheat area of China over 10 years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) and adopt the threshold of the scale effect index S to determine the appropriate spatial resolution ASRS of the meteorological data required for the regional potential productivity simulation in the research area. Meanwhile, we analyze the semi-variogram of the DEM and use the relationship between the scale effect index S and the sill value σ of the DEM semi-variogram to obtain the appropriate spatial resolution ASR ς of meteorological data based on the spatial heterogeneity of the landform. With the range of semi-variogram, we also compare the results of the two methods and evaluate the influence of landform spatial heterogeneity on the distribution of regional light and temperature resources as well as the effect and feasibility of using the spatial heterogeneity of the landform to obtain the appropriate spatial resolution of meteorological data required for the regional potential productivity simulation of WheatGrow (Figure 2 ). 
In this study, by constructing the scale effect index S, we analyze the influence of meteorological data with six spatial resolutions on the regional potential productivity simulation of WheatGrow in the winter wheat area of China over 10 years (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) and adopt the threshold of the scale effect index S to determine the appropriate spatial resolution ASRS of the meteorological data required for the regional potential productivity simulation in the research area. Meanwhile, we analyze the semivariogram of the DEM and use the relationship between the scale effect index S and the sill value ς of the DEM semi-variogram to obtain the appropriate spatial resolution ASR ς of meteorological data based on the spatial heterogeneity of the landform. With the range of semi-variogram, we also compare the results of the two methods and evaluate the influence of landform spatial heterogeneity on the distribution of regional light and temperature resources as well as the effect and feasibility of using the spatial heterogeneity of the landform to obtain the appropriate spatial resolution of meteorological data required for the regional potential productivity simulation of WheatGrow ( Figure 2 ). 
Construction of the Scale Effect Index
In this study, based on the method of spatial gradient analysis, we designed the scale effect index S with the statistical root-mean-square error (RMSE) between the pixels of different spatial resolutions as the basis [45] and quantitatively reflect the difference between the simulation results of spatial resolution li (i > 0) and the highest spatial resolution l0 caused by the change in the spatial resolution of the meteorological data. The scale effect index S is shown in Equation (1):
where n is the number of pixels with spatial resolution l0 contained in one pixel of meteorological data with spatial resolution li (i > 0).
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(1) where n is the number of pixels with spatial resolution l 0 contained in one pixel of meteorological data with spatial resolution l i (i > 0).
YL and YH c , respectively, represent the 10-year average value of simulation results with spatial resolutions of l i (i > 0) and l 0 for the meteorological data,
YL y and YH c,y represent the simulation results of regional potential productivity in the yth year.
where f represents the crop model, YL y represents the simulation result obtained using the meteorological data W l i ,y (i > 0) with spatial resolution l i (i > 0) in the yth year, and YH c,y represents the simulation results obtained using the meteorological data W l 0 ,y with spatial resolution l 0 in the yth year.
Analysis of the Characteristics of Terrain Spatial Variation Based on the Semi-Variogram
The landform is an important factor that affects the simulation of the regional potential productivity of crops [46, 47] . The expression of terrain data has relatively strong characteristics of scale dependence, and its spatial heterogeneity has a significant influence on the scale effect for the simulation results of regional potential productivity [15] . In this study, we analyzed the semi-variogram of the DEM and use the sill value ς of the semi-variogram to characterize the spatial heterogeneity of the landform [48] .
The semi-variogram γ(h) is the function used to evaluate the autocorrelation of the spatial process and is defined as half of the variance for the difference in regional variable Z(x) at points x and x + h, Z(x) and Z(x + h):
There are several theoretical models of semi-variogram including Spherical, Exponential, Gaussian, etc. [49] . In this study, the DEM semi-variogram is fitted with the spherical model and the spatial distribution of the pixel values was assumed isotropic [15, 50, 51] . The Spherical model is as follows:
where C 0 is the nugget constant; ς = C 0 + C is the sill value of the semi-variogram, where the larger the value of ς is, the stronger the spatial variability of the landform; a is the range, namely, the distance for the value of the DEM semi-variogram to reach the sill value; and h is the distance [49] . When the samples are located on a regular grid, the distance between two points should be smaller than half the grid extent to ensure the significance of the semi-variogram [52] . So in this study, the maximum distance to compute the semi-variogram was set to 1/3 of the grid extent when the spatial resolution is l i (i > 2) [52, 53] . Because the DEM with spatial resolution l 0 nested in each grid is relatively few when the spatial resolution is l i (i = 1,2), the maximum distance was respectively set to 10 km and 20 km to fit the semi-variogram properly.
Selection of Appropriate Spatial Resolution for the Meteorological Data of Regional Potential Productivity Simulation
In this study, we adopted the scale effect index S and the sill value ς of the DEM semi-variogram to quantitatively reflect the influence of the spatial resolution of the meteorological data on the simulation results. To use the multi-spatial resolution data fusion method to obtain the spatial distribution for the appropriate spatial resolution of meteorological data, in this study, we set the threshold for the scale effect index S(l i ) (i > 0) of the simulation results with spatial resolution l i (i > 0) to be t. If S(l i ) ≤ t, in comparison with using the data with spatial resolution l i (i > 0), the application of meteorological data with spatial resolution l 0 has limited capability to increase the accuracy of regional potential productivity simulation. We can use the grid with spatial resolution l i (i > 0) to replace the grid with spatial resolution l 0 for the regional potential productivity simulation and therefore reduce the computational load of the model when the spatial resolution l i (i > 0) is the appropriate spatial resolution. If S(l i ) > t, we abandon the replacement operation. The value of i successively traverses from 1 to 5, and eventually, we can obtain the appropriate spatial resolution ASR S of meteorological data required by the regional potential productivity simulation.
Meanwhile, taking the grid with spatial resolution l i (i > 0) in the research area as the region, we analyzed the semi-variogram of the DEM with spatial resolution l 0 nested in each grid and eventually obtain the spatial distribution for the sill value ς of the DEM semi-variogram with spatial resolution l i (i > 0). Under spatial resolution l i (i > 0), we fit the relationship ln(S)~ln(ς) between the natural logarithmic value of the sill value ς of the DEM semi-variogram and the scale effect index S. Therefore, according to the threshold of scale effect index S, we can obtain the threshold for the sill value ς of the DEM semi-variogram. By adopting the aforementioned method, we can obtain the appropriate spatial resolution ASR σ of the meteorological data based on the threshold for the sill value ς of the DEM semi-variogram.
Results and Discussion
In this study, we used the WheatGrow model to obtain the simulation results of potential productivity during the 2000-2009 seasons for the winter wheat region of China ( Figure 3 ). The regional difference in the simulation results of potential productivity is significant. The average level of potential productivity in the NS and HHS is relatively high: 8660.7 kg ha −1 year −1 ( Figure 4b In addition, the simulation results of different spatial resolutions have a significant scale effect. As the spatial resolution changes, the spatial trend of the simulation results is essentially consistent, but the difference in the spatial details of the simulation results is obvious ( Figure 3 ). As the spatial resolution of the meteorological data decreases, the maximum and minimum of the simulation results decrease, and the variation in the distribution difference of the simulation results is significant. In particular, the effect is most obvious in the SWS, NS, and HS ( Figure 4 ). In addition, the simulation results of different spatial resolutions have a significant scale effect. As the spatial resolution changes, the spatial trend of the simulation results is essentially consistent, but the difference in the spatial details of the simulation results is obvious ( Figure 3 ). As the spatial resolution of the meteorological data decreases, the maximum and minimum of the simulation results decrease, and the variation in the distribution difference of the simulation results is significant. In particular, the effect is most obvious in the SWS, NS, and HS ( Figure 4 ). 
Selection of Appropriate Spatial Resolution Based on the Scale Effect Index
The spatial difference in the scale effect index S of the simulation results with different spatial resolutions is significant ( Figure 5 ). The high values are primarily distributed in the regions with relatively strong spatial heterogeneity of landforms in the west of the research area, and the low values are primarily distributed in the eastern plains area. With the scale effect index S using the spatial resolution of 20 km as an example, the highest value that can be reached is e 9.04 ≈ 8433.8 kg ha −1 year −1 , and the lowest value is only e 1.1 ≈ 3 kg ha −1 year −1 . Furthermore, in the eastern plains area, the scale effect index S has the trend of gradually increasing as the spatial resolution of meteorological data declines. We set the threshold of the scale effect index S as 100 kg ha −1 year −1 , 200 kg ha −1 year −1 , 300 kg ha −1 year −1 , and 400 kg ha −1 year −1 and obtained the appropriate spatial resolution of meteorological data required for the regional potential productivity simulation of WheatGrow ( Figure 6 ). The spatial 
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We set the threshold of the scale effect index S as 100 kg ha −1 year −1 , 200 kg ha −1 year −1 , 300 kg ha −1 year −1 , and 400 kg ha −1 year −1 and obtained the appropriate spatial resolution of meteorological data required for the regional potential productivity simulation of WheatGrow ( Figure 6 ). The spatial resolution of data needed for the plains area in the east region of the research area is relatively low and is concentrated at 80 km and 160 km; the spatial resolution of data needed in the western and southwestern mountainous regions is relatively high, and is 5 km in most regions. As the threshold of scale effect index S increases, the spatial resolution in the most eastern plains area declines to 160 km and is maintained at 5 km in most regions with relatively strong spatial heterogeneity of landforms in the SWS. The main purpose of this study was to construct the scale effect index S and to obtain the appropriate spatial resolution of meteorological data for the simulation of regional potential productivity in the winter wheat region of China in the allowed error range. Therefore, we can use the appropriate spatial resolution to effectively reduce the computations required by the model and decrease the difficulty in obtaining high-accuracy model input spatial data. In the regional application of the crop model, every grid is the basic simulation unit, and the number of grids represents the computational sum of the model [21, 54] . In comparison with using the 5 km resolution meteorological data for the regional potential productivity simulation, the application of appropriate spatial resolution can effectively reduce the number of grids (Figure 7) . Moreover, in the region in the eastern research area, where the spatial heterogeneity of the landforms is relatively weak, as the threshold of scale effect index S increases, the spatial resolution of the data changes to 160 km, and the number of grids decreases significantly; in the SWS with relatively strong spatial heterogeneity of landforms, the spatial resolution is maintained at 5 km, and the magnitude of the variation in the grid number is relatively small (Figures 6 and 7) . The main purpose of this study was to construct the scale effect index S and to obtain the appropriate spatial resolution of meteorological data for the simulation of regional potential productivity in the winter wheat region of China in the allowed error range. Therefore, we can use the appropriate spatial resolution to effectively reduce the computations required by the model and decrease the difficulty in obtaining high-accuracy model input spatial data. In the regional application of the crop model, every grid is the basic simulation unit, and the number of grids represents the computational sum of the model [21, 54] . In comparison with using the 5 km resolution meteorological data for the regional potential productivity simulation, the application of appropriate spatial resolution can effectively reduce the number of grids (Figure 7) . Moreover, in the region in the eastern research area, where the spatial heterogeneity of the landforms is relatively weak, as the threshold of scale effect index S increases, the spatial resolution of the data changes to 160 km, and the number of grids decreases significantly; in the SWS with relatively strong spatial heterogeneity of landforms, the spatial resolution is maintained at 5 km, and the magnitude of the variation in the grid number is relatively small (Figures 6 and 7) . Meanwhile, in this study, we selected the average value as the accuracy index to evaluate the use of the appropriate spatial resolution for the simulation [16, 21] . In comparison with the average of simulation results with a spatial resolution of 5 km, the average of simulation results with appropriate spatial resolutions of ASR S -1, ASR S -2, ASR S -3, and ASR S -4 does not change considerably within a certain range, and the lowest absolute difference from the average of simulation results with a 5 km resolution can reach 5.2 kg ha −1 year −1 ( Table 2) . By using the appropriate spatial resolution for the simulation, we can ensure simulation accuracy, but for the SWS with relatively strong spatial heterogeneity of landforms, the average exhibits a trend of increasing as the threshold of scale effect index S increases. Previous studies that obtained the appropriate spatial resolution of model input data as a single value [21] , such as 100 km [16, 19] . In this study, we used the multi-spatial resolution grid fusion method to optimize the data of unified spatial resolution and collect the appropriate spatial resolutions required for the regional potential productivity simulation on the same map ( Figure 6 ). Meanwhile, in this study, we selected the average value as the accuracy index to evaluate the use of the appropriate spatial resolution for the simulation [16, 21] . In comparison with the average of simulation results with a spatial resolution of 5 km, the average of simulation results with appropriate spatial resolutions of ASR S -1, ASR S -2, ASR S -3, and ASR S -4 does not change considerably within a certain range, and the lowest absolute difference from the average of simulation results with a 5 km resolution can reach 5.2 kg ha −1 year −1 ( Table 2) . By using the appropriate spatial resolution for the simulation, we can ensure simulation accuracy, but for the SWS with relatively strong spatial heterogeneity of landforms, the average exhibits a trend of increasing as the threshold of scale effect index S increases. Previous studies that obtained the appropriate spatial resolution of model input data as a single value [21] , such as 100 km [16, 19] . In this study, we used the multi-spatial resolution grid fusion method to optimize the data of unified spatial resolution and collect the appropriate spatial resolutions required for the regional potential productivity simulation on the same map ( Figure 6 ). This approach can truly reflect the spatial distribution of resolution for meteorological data under different terrain backgrounds and solves the problem that the unified spatial resolution is not applicable to regions with relatively large differences in the spatial heterogeneity of landforms [19] . Therefore, it can satisfy the demand of various sub-regions in the winter wheat area of China at different appropriate spatial resolutions.
Selection of the Appropriate Spatial Resolution Based on the Spatial Heterogeneity of Landforms
Previous studies indicated that meteorological data are significantly affected by terrain, and we can use the spatial heterogeneity of landforms to reflect the scale effect of simulation results for the regional potential productivity [15, 55, 56] . In the region where the spatial heterogeneity of landforms is stronger, the larger the sill value ς of the DEM semi-variogram is, the larger the scale effect index S will be. The sill value and scale effect index exhibit a similar trend of spatial distribution (Figures 5 and 8) , and there is a significant correlation ( Figure 9 ). As the spatial resolution decreases, the fitting relationship between the sill value ς of the DEM semi-variogram and the scale effect index S gradually weakens (Figure 9) . By using the fitting relationship ln(S)~ln(ς), we obtained the threshold corresponding to the sill value ς of the DEM semi-variogram according to the threshold of the scale effect index S (Table 3 ) and obtained the appropriate spatial resolution of the meteorological data based on the threshold for the sill value ς of the DEM semi-variogram ( Figure 10 ). This approach can truly reflect the spatial distribution of resolution for meteorological data under different terrain backgrounds and solves the problem that the unified spatial resolution is not applicable to regions with relatively large differences in the spatial heterogeneity of landforms [19] . Therefore, it can satisfy the demand of various sub-regions in the winter wheat area of China at different appropriate spatial resolutions.
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Previous studies indicated that meteorological data are significantly affected by terrain, and we can use the spatial heterogeneity of landforms to reflect the scale effect of simulation results for the regional potential productivity [15, 55, 56] . In the region where the spatial heterogeneity of landforms is stronger, the larger the sill value ς of the DEM semi-variogram is, the larger the scale effect index S will be. The sill value and scale effect index exhibit a similar trend of spatial distribution ( Figures 5  and 8) , and there is a significant correlation ( Figure 9 ). As the spatial resolution decreases, the fitting relationship between the sill value ς of the DEM semi-variogram and the scale effect index S gradually weakens (Figure 9) . By using the fitting relationship ln(S)~ln(ς), we obtained the threshold corresponding to the sill value ς of the DEM semi-variogram according to the threshold of the scale effect index S (Table 3 ) and obtained the appropriate spatial resolution of the meteorological data based on the threshold for the sill value ς of the DEM semi-variogram ( Figure 10 ). By comparing the distribution of appropriate spatial resolution of meteorological data obtained by two methods, the Kappa coefficient in the SWS, HHS, and MYS was between 0.4 and 0.7 at a confidence level of α = 0.05. This indicates that the distribution of appropriate resolution from the two schemes has moderate, but not high, consistency ( Figure 11 and Table 4 ) [57] . This is primarily because the spatial heterogeneity of meteorological factors in the research area cannot be completely expressed with the spatial heterogeneity of landforms, and the meteorological factors are still affected by the factors of longitude, latitude, and distance from the sea [58, 59] . Furthermore, the scale of spatial heterogeneity for the terrain data and the spatial heterogeneity of the meteorological data is not united [59] . When the scale effect index S is relatively small, the ln(S)~ln(ς) fitting relationship exhibits an aggregation phenomenon ( Figure 9, rectangle) ; when the scale effect index S is relatively large, the ln(S)~ln(ς) fitting relationship exhibits a saturation phenomenon (Figure 9, ellipse) . With the spatial resolution of 20 km as an example, when ln(ς) < 4, there is no significant correlation between ln(S) and ln(ς) for the NS, HHS, and MYS (Figure 12b-d) . At this popint, the sill value of the DEM semi-variogram is ς < e 4 ≈ 55 m 2 , which indicates that this region is primarily distributed in the eastern plains region of research area (Figure 8) , and the spatial heterogeneity of the landform is weak. Therefore, for the regions with relatively weak spatial heterogeneity of landforms, the application of terrain cannot reflect the scale effect for the simulation results of potential productivity; meanwhile, when ln(ς) > 10, as ln(S) increases, ln(ς) no longer increases according to the fitting relationship (Figure 12, ellipse) . In these regions, the variation range of the topographic semivariogram is smaller than the spatial resolution of the grid at more than 70% of the grid points ( Figure  13 ). That is, when the spatial variation of landforms occurs in a relatively small range, the spatial By comparing the distribution of appropriate spatial resolution of meteorological data obtained by two methods, the Kappa coefficient in the SWS, HHS, and MYS was between 0.4 and 0.7 at a confidence level of α = 0.05. This indicates that the distribution of appropriate resolution from the two schemes has moderate, but not high, consistency ( Figure 11 and Table 4 ) [57] . This is primarily because the spatial heterogeneity of meteorological factors in the research area cannot be completely expressed with the spatial heterogeneity of landforms, and the meteorological factors are still affected by the factors of longitude, latitude, and distance from the sea [58, 59] . Furthermore, the scale of spatial heterogeneity for the terrain data and the spatial heterogeneity of the meteorological data is not united [59] . When the scale effect index S is relatively small, the ln(S)~ln(ς) fitting relationship exhibits an aggregation phenomenon ( Figure 9, rectangle) ; when the scale effect index S is relatively large, the ln(S)~ln(ς) fitting relationship exhibits a saturation phenomenon (Figure 9, ellipse) . With the spatial resolution of 20 km as an example, when ln(ς) < 4, there is no significant correlation between ln(S) and ln(ς) for the NS, HHS, and MYS (Figure 12b-d) . At this popint, the sill value of the DEM semi-variogram is ς < e 4 ≈ 55 m 2 , which indicates that this region is primarily distributed in the eastern plains region of research area (Figure 8) , and the spatial heterogeneity of the landform is weak. Therefore, for the regions with relatively weak spatial heterogeneity of landforms, the application of terrain cannot reflect the scale effect for the simulation results of potential productivity; meanwhile, when ln(ς) > 10, as ln(S) increases, ln(ς) no longer increases according to the fitting relationship (Figure 12, ellipse) . In these regions, the variation range of the topographic semi-variogram is smaller than the spatial resolution of the grid at more than 70% of the grid points ( Figure 13 ). That is, when the spatial variation of landforms occurs in a relatively small range, the spatial variation of landforms cannot reflect the scale effect for the simulation results of potential productivity and cannot guide the selection of appropriate spatial resolution in this region. region (SWS) (a), north winter wheat sub-region (NS) (b), Huang-Huai winter wheat sub-region (HHS) (c), and middle-lower reaches of the Yangzi River winter wheat sub-region (MYS) (d). In this study, we adopted spatial semi-variogram analysis to describe the spatial heterogeneity of natural factors with an isotropic model [60, 61] . However, semi-variogram analysis relies on the selected theoretical semi-variogram model as well as the direction, and the incorrect selection of the theoretical semi-variogram model or ignorance of anisotropy can lead to results for the characteristic spatial variation of landforms that are difficult to interpret. Meanwhile, the lag distance, range, and sill value in the semi-variogram analysis often affect each other, causing unstable analysis results and therefore affecting the results of this study [62] . It is important to combine multiple parameters for the semi-variogram analysis to obtain more reliable results [63] . In addition, although the appropriate spatial resolution obtained in this study can significantly reduce the computational load of regional potential productivity simulation under the requirement of ensuring accuracy, it is limited by the resolution sequence constructed in this study rather than the so-called global optimum spatial resolution. Meanwhile, there is not a scale (resolution) that is appropriate for the studies on all the geographic processes involved in the regional application of the crop model [64] . Its suitability is manifested by the matching of the crop growth simulation model and virtual geographical environment representation with respect to the domains of issue, structure, and dimension. By selecting the appropriate resolution from the limited resolution sequence, we can reduce the influence of resolution on the accuracy and efficiency of simulation results.
Moreover, this study is constrained to potential productivity simulation with WheatGrowth model. And land productivity simulation, rather than potential productivity simulation, is more vulnerable to the variability of soil [16, 65] . Besides, it is also found that the uncertainties of radiation and precipitation have little influence over the regional yield forecast with World Food Studies (WOFOST) crop simulation model [21] . These issues indicate the range of model limitations and specificities of crop model applications [66] , and should be focused and studied in our future researches.
Conclusions
In this study, we took the winter wheat region of China as the research area and simulated the regional potential productivity from 2000 to 2009 based on the WheatGrow model by constructing meteorological data with six spatial resolutions. We analyzed the influence of the scale effect for the meteorological data on the simulation of potential productivity in the winter wheat region of China and obtained the appropriate spatial resolution of meteorological data for the regional potential productivity simulation. Moreover, we clarified the feasibility of using the topographic features to obtain the appropriate spatial resolution of meteorological data required for the simulation of potential productivity in the winter wheat region of China. (1) Based on the threshold of the scale In this study, we adopted spatial semi-variogram analysis to describe the spatial heterogeneity of natural factors with an isotropic model [60, 61] . However, semi-variogram analysis relies on the selected theoretical semi-variogram model as well as the direction, and the incorrect selection of the theoretical semi-variogram model or ignorance of anisotropy can lead to results for the characteristic spatial variation of landforms that are difficult to interpret. Meanwhile, the lag distance, range, and sill value in the semi-variogram analysis often affect each other, causing unstable analysis results and therefore affecting the results of this study [62] . It is important to combine multiple parameters for the semi-variogram analysis to obtain more reliable results [63] . In addition, although the appropriate spatial resolution obtained in this study can significantly reduce the computational load of regional potential productivity simulation under the requirement of ensuring accuracy, it is limited by the resolution sequence constructed in this study rather than the so-called global optimum spatial resolution. Meanwhile, there is not a scale (resolution) that is appropriate for the studies on all the geographic processes involved in the regional application of the crop model [64] . Its suitability is manifested by the matching of the crop growth simulation model and virtual geographical environment representation with respect to the domains of issue, structure, and dimension. By selecting the appropriate resolution from the limited resolution sequence, we can reduce the influence of resolution on the accuracy and efficiency of simulation results.
In this study, we took the winter wheat region of China as the research area and simulated the regional potential productivity from 2000 to 2009 based on the WheatGrow model by constructing meteorological data with six spatial resolutions. We analyzed the influence of the scale effect for the meteorological data on the simulation of potential productivity in the winter wheat region of China and obtained the appropriate spatial resolution of meteorological data for the regional potential productivity simulation. Moreover, we clarified the feasibility of using the topographic features to obtain the appropriate spatial resolution of meteorological data required for the simulation of potential productivity in the winter wheat region of China. (1) Based on the threshold of the scale effect index, through multi-spatial resolution grid data fusion, we can effectively obtain the appropriate spatial resolution of the meteorological data required by the regional potential productivity simulation in the winter wheat area of China. The spatial resolution of data needed for the eastern plains area is relatively low, and it is concentrated at 80 km and 160 km; the spatial resolution of data needed for the western and southwestern mountainous and hilly regions is relatively high, and it is concentrated at 5 km. (2) The stronger the spatial heterogeneity of the topographic environment and meteorological environment is, the higher the spatial resolution of meteorological data required for the regional potential productivity simulation, and vice versa. (3) By using the appropriate spatial resolution of meteorological data to conduct the regional potential productivity simulation, we can ensure simulation accuracy, reduce the amount of regional simulation units, increase the efficiency of regional simulation, and improve the capability of explaining the spatial morphology and differences in the results of simulation of the regional potential productivity. (4) Although the application of the sill value for the DEM semi-variogram can guide the selection of the appropriate spatial resolution for the meteorological data, in the regions with relatively weak spatial heterogeneity of landforms on the eastern plains or the small-scale regions with strong spatial variation of landforms in the southwest, it cannot sufficiently reflect the scale effect for the simulation results of potential productivity. Therefore, the application is restricted to using the single heterogeneity index of landforms to obtain the appropriate spatial resolution of meteorological data required for the regional potential productivity simulation of winter wheat in China and needs further improvement.
